Next-generation sequencing (NGS) data are used for both clinical care and clinical research. DNA sequence variants identified using NGS are often returned to patients/participants as part of clinical or research protocols. The current standard of care is to validate NGS variants using Sanger sequencing, which is costly and time-consuming.
However, it is still widely accepted that variants found using next-generation sequencing (NGS) 3 should be validated with the current gold standard for DNA sequencing, Sanger dideoxy terminator sequencing (2 ) , before returning or publishing results. There have been several reports suggesting that NGS data used in clinical and research settings are at least as accurate-or in some cases more accurate-than Sanger sequencing (3) (4) (5) (6) . However, several of these studies used small sample sets (168, 37, and 110 variants sequenced, respectively) of secondary data from applied clinical research. Another recent, larger-scale study included 2 separate comparisons of NGS variants with Sanger sequencing results (443 variants and 762 variants, respectively), but this study was performed using target-capture gene panels, which are not representative of the overall genomic landscape, and the authors did not specify if any variants were included in both comparisons (6 ) .
In the current study, we set out to determine the utility of Sanger validation using a subset of data from 684 exomes and 2793321 Sanger sequencing reads from the ClinSeq® cohort (7 ) . The ClinSeq project was initiated in 2006, well before NGS was widely available, and began with semiautomated high-throughput Sanger sequencing. By the time that millions of Sanger reads had been generated for the ClinSeq project, NGS displaced Sanger sequencing as a less expensive, higher-throughput tool, which was then applied to the same samples that had already been Sanger sequenced, thus making this data set ideal for evaluating the utility of orthogonal Sanger validation of NGS variants.
Materials and Methods

DNA ISOLATION
DNA was isolated from whole blood using the saltingout method (Qiagen), followed by phenol-chloroform extraction using a Manual Phase Lock Gel extraction kit (5Prime) and rehydration with DNA hydration solution (Qiagen).
NEXT-GENERATION SEQUENCING
Solution-hybridization exome capture was performed with the SureSelect All Exon System, the SureSelect ICGC System (Agilent Technologies), or the TruSeq system, V1 or V2 (Ilumina). Flow-cell preparation and paired-end read sequencing were performed with either the GAIIx or HiSeq 2000 sequencer (Illumina) as previously described (8 ) . Image analyses and base calling were performed as described (9 ) . Reads were aligned to hg19 (NCBI build 37) using NovoAlign (Novocraft Technologies). For exome sequencing, samples were sequenced to sufficient coverage such that 85% of all targeted bases were called with a minimum Most Probable Genotype (MPG) score of at least 10 (10 ) . The MPG genotype caller uses a Bayesian model that calculates the posterior probability of all possible genotypes at a position and reports the most likely genotype with a corresponding score calculated as the natural log of the quotient of the relative probability of the most likely genotype to the next most likely genotype (10 ) . This means that an MPG score of 10 estimates the probability that the next most likely genotype is correct at e Ϫ10 or 4.54 ϫ 10 Ϫ5 . The MPG score is dependent upon both the high-quality sequencing read depth and the zygosity at that base and is correlated linearly to the overall sequencing read depth (see Fig. 1 in the Data Supplement that accompanies the online version of this article at http://www.clinchem.org/ content/vol62/issue4). When a base was covered by more than 200 reads, MPG was applied to a random subset of 200 reads. We evaluated a given variant position in 684 exomes if there was at least 1 variant "sentinel" call at that position with an MPG score of Ն10. If at least 1 sample met that threshold, then all calls at that position were considered, irrespective of their MPG score, so long as there were at minimum 10 reads covering that position. Structural variants and indels were excluded from analysis.
SANGER SEQUENCING
Candidate genes for Sanger sequencing were selected on the basis of evidence for association with development of coronary artery calcification and/or atherosclerosis (7 ). That list was expanded to include genes associated with heart disease identified through the use of mouse models, gene family analyses, and pathway analyses, among others. This resulted in a list of 308 genes sequenced using 16371 pairs of sequencing primers (see online Supplemental Table 1 ). PCR and sequencing primers were generated using PrimerTile, an automated primer design program which used the most recent version of the dbSNP database (version 130) to omit common variants from designed primers (11 ) . Amplicons were sequenced as described (7 ) with a mean amplicon length of 648.8 bp. A subset of 5 genes found in the Genetic Testing Registry (http://www.ncbi.nlm.nih.gov/gtr/) were chosen for analysis in 684 ClinSeq samples that had been exome sequenced. These genes were chosen to be representative of the genome on the basis of criteria that included coding DNA sequence (CDS) length, number of exons (minimum 4, maximum 20), GC content, and the Box-and-whisker plots show the distribution of genes in each candidate set used in this analysis across GC content (A), CDS length (B), and exon count (C). Data on these genes were collected using the UCSC Genome Browser [Kent et al. (28 ) ] or NCBI's Entrez [Pruitt et al. (29 ) ]. In the case of multiple transcripts, the transcript encoding the longest protein isoform was used.
presence or absence of pseudogenes in the genome (Table  1 , Fig. 1 ). A larger subset of 19 genes, chosen similarly, were interrogated in 5 ClinSeq samples that had undergone exome, genome, and Sanger sequencing. Validation of variants identified by NGS was simulated using largescale Sanger sequencing data, which were generated as part of the ClinSeq project (7 ). All bases with a Phred quality score of Q20 or greater within covered regions were aligned and interrogated using the Consed graphical sequence editor, and genotypes were verified by manual observation of fluorescence peaks (12 ) . Only variants with Sanger data for both forward and reverse read alignments were used in the analysis.
Variants from the exome data that were not validated by the Sanger data were resequenced using the original primers and manually optimized primers designed using Primer3 software (13, 14 ) . Resequencing was performed on a 3130x sequencer using the BigDye 3.1 sequencing kit (Applied Biosystems). Reads generated by resequencing were aligned to genome build hg19 (NCBI build 37) using Sequencher (Gene Codes Corporation). Primer sequences are provided in online Supplemental Table 2 .
STATISTICAL ANALYSIS
The replication failure rates in the 19-gene and 5-gene sets from NGS and Sanger sequencing data were compared using the Fisher exact test (15 ). The extracted data were then subjected to the Jaccard sameness test (16 ) , calculated using all data points with a given minimal MPG score threshold or higher, and that threshold was iterated across the entire range of MPG scores (Fig. 2) . Box-and-whisker plots of GC content, CDS length, and exon count for all genes used in this study were plotted using R (Fig. 1) . The 95% CI of the accuracy estimate was calculated using the Jeffreys interval calculation (17 ) .
DATA ACCESS
Exome sequencing data from ClinSeq participants are available from NCBI's dbGAP database, accession num- The Jaccard sameness index was used to evaluate the agreement of variants discovered using NGS vs Sanger sequencing, correlated with increasing MPG thresholds, then plotted using R. Data from both sequencing methods were in complete agreement at an MPG higher than 10, resulting in a score of 1.000 at all points thereafter. ber phs000971.v1.p1. Sanger traces are available from the NCBI SRA database (18 ) (see online Supplemental Table 1 for associated accession numbers and query strings).
Results
We simulated Sanger validation of NGS data by selecting 2 representative subsets of genes from our data set. Our objective was to include a range of gene attributes, using GC content, CDS length, and exon count as selection criteria (Table 1, Fig. 1 ). We also included several genes with known pseudogenes to address the challenges of sequence alignment ( Table 1) .
The mean number of variants with exome coverage of Ն10 reads per kilobase of interrogated DNA in the exome data was 0.8041 (14258/17732 kb). Of these, 5660 nonreference variants were covered bidirectionally by the Sanger sequencing data. For all interrogated variants, the Sanger reads were evaluated manually to emulate techniques typically used in a clinical setting. Among these 5660 variants, 19 were identified by NGS but not by Sanger sequencing, representing 13 unique singlenucleotide variants.
We next set out to address the possibility that this set of 5 genes was in some way not representative of the wider universe of gene attributes by evaluating a larger set of genes, which necessarily had to be performed on a smaller set of samples. We examined 19 genes (including the 5 used in our initial analysis) from 5 samples using both exome and genome sequencing (Table 1) . Within these 19 genes, we identified 714 nonreference variants with coverage of at least 10 reads, with a mean variant/kb rate of 0.1256 (714/5686 kb). There was a strong linear correlation of MPG score and read depth coverage of these variant positions (r 2 ϭ 0.8978; see online Supplemental Fig. 1 ). Of these variants, 234 were covered bidirectionally by Sanger sequencing data, and all of those variants were present in exome, genome, and Sanger sequencing data. The replication failure rate in the 19-gene data set (0/234) is not significantly different from the 5-gene data set (19/5660; P ϭ 1.000, 2 ). We further evaluated the 19 discrepant results by performing another round of Sanger sequencing using both the original primers designed through automated primer design and new, optimized sets of sequencing primers designed using primer3 software (13 ) . In 4 cases, sequencing with the original primers yielded a reference (nonvariant) genotype, and the newly designed primers validated the variant found via NGS. The original discrepant Sanger results for these cases could be due to polymorphisms within the sample DNA sequence complementary to the sequence of one of the original primers. In 2 other cases, resequencing with the original primers confirmed the variant, but the newly designed primers yielded no usable sequence. Finally, in 11 cases resequencing with both sets of primers confirmed the original NGS variant call.
Resequencing reconciled all but 2 differences between the NGS and Sanger sequencing data. The remaining 2 discrepancies were found in noncoding regions of the genes apolipoprotein A-V (APOA5) 4 and platelet-derived growth factor receptor beta (PDGFRB), and had MPG quality scores of 4 and 10, respectively (10 ) .
That only 2 of 5660 variants were truly discrepant represents an agreement rate of 0.99965 (95% CI, 0.99887-0.99993). Jaccard sameness scores were plotted against each possible minimum MPG score threshold from the NGS data and the resulting index ranged from 0.99965 to 1.00000, corresponding to a minimum of 99.965% accuracy of NGS compared to Sanger sequencing (Fig. 2) .
Discussion
The power and utility of NGS is based on its massively parallel interrogation of nucleic acids. The ability to simultaneously evaluate millions of base pairs allows clinicians and researchers to ask and answer novel and important questions. However, requiring relatively lowthroughput dideoxy sequencing as a validation of highthroughput NGS interrogation severely limits the utility of NGS. With the consistently decreasing costs of NGS, the expense and time required to validate variants found in NGS data using Sanger sequencing can quickly outpace the cost of generating the initial NGS data.
Previous studies have provided preliminary evidence that Sanger sequencing validation may not represent the best practice for clinical NGS validation; however, these studies were relatively small in scale and used secondary data from clinical diagnostic laboratories (3) (4) (5) .
In 2013, Sikkema-Raddatz and colleagues (3 ) evaluated NGS variants in 84 individuals using a targeted panel including 48 genes, validating 168 novel variants using Sanger sequencing, including 7 indels. They reported nearly 100% Sanger validation of variants identified through their NGS panel. Notably, the single variant that was not initially validated using Sanger sequencing was validated by a subsequent Sanger sequencing run. 4 Human genes: APOA5, apolipoprotein A-V; PDGFRB, platelet-derived growth factor receptor beta; LDLRAP1, low density lipoprotein receptor adaptor protein 1; MMP9, matrix metallopeptidase 9; VEGFA, vascular endothelial growth factor A; ACTA2, actin, alpha 2, smooth muscle, aorta; APOC3, apolipoprotein C-III; They concluded that targeted NGS could be reliably implemented as a stand-alone test, with no orthogonal validation required.
McCourt and colleagues (4 ) then used a combination of NGS technologies to interrogate variants in a host of cancer-related genes. Of the identified NGS variants, 37 were confirmed by Sanger sequencing validation, leading the authors to conclude that existing NGS technologies perform well in detecting known clinically relevant mutations.
In 2014, Strom and colleagues (5 ) addressed the question of Sanger validation using data from 144 clinical exomes, from which they attempted to Sangervalidate 110 total single nucleotide variants. Of these 110 variants, 109 were validated by Sanger sequencing, and the 1 variant which was not validated had an exome quality score below their quality threshold.
More recently, Baudhuin and colleagues (6 ) performed a larger-scale study in which data from targeted NGS panels were compared to either Sanger sequence data or data from the 1000 Genomes Project. Sanger sequencing verified 100% of 919 variants identified from the targeted panels.
Combining the data from these 4 studies yields a total of 1234 variants, only 1 of which was not validated by Sanger sequencing. These data, although compelling, are not sufficient to conclude that routine Sanger validation is unnecessary, partially because the largest study included only data from targeted panels with at least 100ϫ coverage in Ͼ99.7% of captured bases (6 ), which is markedly higher coverage than can be expected from current exome sequencing technologies.
To address the need for systematic and large-scale evaluation of orthogonal Sanger validation of NGS, we used a data set of 684 exomes comprising approximately 21 terabases of sequence and matching Sanger data comprising 2.9 million reads from the same samples. We began with the detection of variants from NGS data generated with well-known exome capture kits (Agilent and TruSeq) and Illumina sequencing, coupled with our well-established variant calling process described in a number of prior successful genetic analysis efforts (19 -26 ) . We endeavored to select a range of genes that had attributes that were similar to, or were in some aspects more challenging sequencing targets than, a typical gene. This gene set provided us with 5660 variants that we could validate with our Sanger data, a sample set much larger than prior analyses (3) (4) (5) (6) . Although our Sanger data set included millions of reads that could potentially be compared with the NGS variants, we limited our analysis to model a clinical orthogonal testing scenario as closely as possible. To that end, all variants that met our criteria for interrogation were manually evaluated from the Sanger traces. We also limited our analysis to germline variants from leukocyte DNA, because NGS-based discovery of somatic variants or from formalin-fixed, paraffin-embedded tissue would likely require a separate validation process.
Using this approach, we found only 2 variants among 5660 that were not validated by Sanger sequencing. Those 2 variants had relatively low quality scores for their NGS calls, with one of the variant quality scores being exactly at our standard NGS base-calling quality threshold (MPG ϭ 10), and the other being well below that threshold (MPG ϭ 4). This suggested that, even without setting a minimum quality threshold for accepting NGS variant calls, 99.965% of those calls would be true positives, based on the lower limit of a 95% CI for this large sample. In addition, our data suggested that, through application of a conservative score threshold, a single high-quality (in our case, MPG Ն10) "sentinel" call in any sample leads to the same variant being more likely correctly called in other samples, irrespective of quality score for the variant in that sample. Our sentinel call approach resulted in 583 variant calls with an MPG score of Ͻ10 being validated by Sanger sequencing. If a flat quality score threshold was applied to all of the data, these variants would have been missed through NGS screening, which could lead to variants that might impact a patient's health being undetected. Furthermore, if a minimum quality threshold of MPG score 7 was applied to these data [which represents a very conservative threshold approximating to a GATK (Genome Analysis Toolkit) Q30 score] there would have been only a single nonconfirmation, leading to a confirmation rate of 99.9823%. Though MPG is not the most widely used quality metric for NGS data, our results can easily be extended to NGS data using any quality metric by using this sentinel call approach with equivalent score thresholds.
The more striking conclusion came from resequencing the 19 originally discrepant variants, in that the majority of these orthogonal Sanger validations were themselves incorrect. Seventeen of the NGS variants would have been considered false positives if a single round of Sanger sequencing were used as a validation criteria. Our results suggest that if such practice were used in a clinical setting, more positive NGS variants would be discarded as (incorrectly designated) false positives, as compared to using the NGS data directly. Jaccard index analysis supported this assertion, showing no appreciable difference between NGS and Sanger sequencing with respect to variants within our data set, and complete agreement of the 2 sequencing methods at an MPG score threshold higher than 10.
Our measured validation rate of at least 99.965% for NGS data across a large data set with no established minimum quality threshold represents higher accuracy than many medical tests currently used by clinicians. Results of such tests are routinely used to determine the course of treatment for a patient without any expectation of orthogonal validation. Given these data, we conclude that Sanger validation of NGS variants that are associated with robust quality scores should not be performed routinely. At the same time, we recognize that some variants detected using NGS technology can have serious medical implications for the tested probands and their family members. In such cases, performing a second orthogonal validation may be appropriate. One can envision a future in which such determinations are made by the ordering clinician on the basis of the presenting findings and the intended or anticipated clinical use of the genetic testing result. Although this assertion will be controversial, we have been unable to find reference to a clinical laboratory test that boasts a 99.965% or higher analytical confirmation rate for which orthogonal confirmatory testing is routinely mandated, and we suggest that leaving the question of confirmatory testing in the hands of the ordering physician is most appropriate. This would align clinical genomics with the practices across many fields of medicine, reduce overall costs of genomic testing, and potentially reduce the error rate of inappropriately labeling a NGS variant as a false positive due to failure of the orthogonal assay. The fact that some CLIA-approved laboratories are already returning NGS variant results for clinically relevant variants in certain subsets of genes, such as the ACMG (American College of Medical Genetics and Genomics)-established list of genes for return of secondary findings (27 ) , suggests that the field is already moving toward this practice. We therefore recommend that NGS testing results should be treated as many other clinical tests are treated: imperfect, but highly reliable.
